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Abstract 
To advance construction machine design and testing, model-based design and virtual operator 
models (VOMs) can be used to explore machine designs virtually. However, current VOM 
efforts have been restricted to mimicking known trajectories, recorded from actual machine 
operations. Previous work developed a VOM to use in closed-loop simulation with an excavator 
model. To advance the utility of model-based machine testing, the fidelity of the VOM was 
enhanced along three lines: 1) representation of expert work cycle operation, 2) adaptation to 
changes in work site environment and 3) adaptation to changes when operating different 
machines. To represent expertise, work cycle task overlap was modeled – a hallmark of expert 
human operator performance. A mental model was developed to adapt to changes in the work 
site environment. Finally, the VOM was generalized to adapt to changes in excavator 
dimensions, eliminating the need for time intensive “tuning” typical of trajectory-dependent 
models. Three case studies demonstrated task overlap modeled productivity gains typical of 
expert operators, VOM control outputs adapted as trench depth and pile height increased, and the 
VOM adapted to different excavator models automatically. An additional case study compared 
VOM results to human-recorded data. This work advances the ability to integrate human 
expertise and adaptability in virtual operator modeling, resulting in a more realistic simulation of 
operations.  
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Introduction 
Improved machine designs are needed to meet the increasing demands on construction 
machines for greater functionality, productivity, and efficiency.  Yet in human-machine systems, 
human operators play a significant role and affect system performance. Typical product design 
processes measure performance of a new construction machine design using expert human 
operators driving physical prototypes in defined test environments (Filla, Ericsson, & Palmberg, 
2005). While this method produces high fidelity data, it is time consuming, resource intensive, 
and necessarily requires that the physical prototype of the machine be built. To advance machine 
design and testing, model-based design and virtual operator models can be used to explore 
machine designs virtually. Increasing efforts in model-based design in industry has yielded high 
fidelity models to test new machine designs and new features. Fidelity in this context describes 
the degree to which a simulation reproduces accurate and reliable behaviors of real-world 
phenomenon (Roza, Gross, & Harmon, 2000).  
Virtual design, the process by which new features are modeled and tested in a simulation 
environment, is applied iteratively in the modern product design. Model-based or virtual design 
provides a means for achieving machine design improvements with reduced time and costs 
(Eppinger, Whitney, Smith, & Gebala, 1994). In the product development process, virtual design 
is often used for feature or system validation (Tseng, 1998). Virtual design is typically conducted 
early in the design process when it is less expensive to make changes.  
Closed-loop simulation-based virtual design uses simulations that include a representation 
of the machine and the operator, which has feedback loops or paths between its output and its 
input. However, virtual design of construction machines with operators-in-the-loop has often 
been limited by the fidelity of the model of human operators. This limitation is particularly an 
issue when virtual design is used for validation and assessment. Traditional validation and 
assessment methods, by way of comparison, utilize physical machine prototypes, human 
operators, and real-world testing in a controlled environment (Filla, Ericsson, & Palmberg, 
2005).  
While machines have been modeled with a fidelity that enables robust testing, current 
operator models struggle to capture operator expertise and require time-intensive tuning to each 
new machine design. These limitations hamper engineers from making solid comparisons in the 
virtual prototyping stage between different design alternatives, and limits their ability to do 
virtual design. Given the tightly coupled, non-linear nature of construction machine dynamics, 
combined with human-in-the-loop control, dynamic simulation of the complete system must 
include the operator, environment, and tasks. To advance machine testing, a virtual operator 
model (VOM) needs to be developed to represent how human operators operate machines. The 
fidelity of VOMs needs to be increased by using a more human-centered basis for virtual 
operator modeling, and increasing the fidelity of operations modeling. 
Current VOM efforts in construction have largely been restricted to developing models 
that mimic known trajectories, usually recorded from actual machine operations (Filla, 2005; 
Elezaby, 2011). This implies that any change to the machine design would require a time-
intensive process of “re-tuning” the VOM to mimic new machine trajectories. This limits their 
utility in fast-paced iteration in model-based design cycles. Furthermore, the work cycle of an 
operation has been modeled as discrete, sequential series of tasks, as the operator completes one 
task before moving to the next (Elezaby, 2011). However, operating the machine in such a 
discrete manner is typical behavior of novice users (Yu, Dorneich, & Steward, 2016). Experts 
can overlap tasks, beginning a new task of the work cycle while still completing the previous 
Du, Dorneich, & Steward, 2018  3 
task. This enables the operator to “push” the machine to increase efficiency and performance. 
The current state of the art VOMs (Filla, 2005; Elezaby, 2011; Du et al., 2016) were developed 
under fixed environment conditions for particular machine models, and use finite state machine 
to model each of the tasks discretely in the operation. 
In recent work, the authors developed a VOM based on the human information processing 
model to generate operator inputs based on an understanding of how humans process cues from 
the environment to make decisions on how to control the machine (Du et al., 2016). To inform 
the design of a VOM, human factors methods were used to study the behavior of human 
operators, including decision making, perception, and control strategies. The VOM represented 
the human operator decision-making process and aims to replicate how human operators operate 
machines. That effort simulated one work cycle, for one machine type, and assumed that each 
task in the work cycle was discrete. However, a robust virtual closed-loop, simulation-based 
design capability requires the interaction of high-fidelity models of the machine, the operator, 
and the environment.  
To advance the utility of model-based machine testing in virtual environment, the fidelity 
of VOMs needs to be enhanced along the lines of representing human operator expertise in 
multiple ways: representation of expert human work cycle operation, and an expert’s ability to 
adapt to changes in the work site environment and different machines. These three dimensions 
center on the theme of expertise and adaptability, and are the subject of this paper. There are 
many ways that that expertise is manifested in construction machine operators, but the three 
focused on in this paper are the ones that emerged from our interaction with operators and 
engineers in industry (Yu, Dorneich, & Steward, 2016). Increasing the fidelity of the VOM will 
result in a more realistic simulation of operations. Enhanced closed-loop, computer-based 
simulation capabilities will affect the development process through better efficiency, lower cost, 
and more flexibility compared to traditional machine testing in the early design process. 
For this project, the excavator trenching operation was selected as the target construction 
machine operation for virtual operator development. Excavator trenching is a common 
construction operation, which contains multiple tasks that are applied and adapted to multiple 
situations and conditions. Based on interviews and observation, the five tasks making up a 
complete trenching work cycle were identified: Bucket Fill, Bucket Lift, Swing-to-Dump, 
Dumping, and Swing-to-Trench (Du, Dorneich, & Steward, 2016). An operation consists of 
multiple work cycles to dig a trench of a pre-specified depth. During the operation, an operator 
needs to dig a trench at a predetermined location and orientation with defined dimensions, and 
dump the material either in a defined area or into a truck.  
This work was motivated by trying to model the expert behavior found in the kinds of 
productivity tests done in industry during the design process, where expert test operators run pre-
defined operations to evaluate the machine. These productivity tests are explicitly designed to 
push the operator and machine to maximum effort to understand the limits of the machine (e.g. 
Link-Belt, 2009). Thus, industry test operators tend to work at their maximum ability to finish 
trenching as soon as possible. To enable closed-loop simulation of a trenching operation, the 
VOM must generate human operator behavior based on cues that are perceivable to the operator, 
account for changes in the environment affecting the operation as it progresses, and adapt to 
different situations or disturbances during the operation.  
The VOM should simulate expert control of the machine. It takes an expert “pushing” the 
machine to its limits to test the capability of a new design to increase productivity. In interviews 
with construction machine operators (Yu, Dorneich, and Steward, 2016), the concept of 
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overlapping tasks emerged very quickly in those discussions as a key way that expertise is 
manifested in a repetitive task-based work cycle in construction machines like the case of the 
excavator being used to dig trenches. However, current VOMs are developed without 
consideration of how expertise is manifested by real operators. Expert human operators can start 
attending to the next task while the current task is nearing completion. A VOM that models 
overlaps in operator attention to multiple tasks is needed to generate more realistic control 
inputs. 
Experts are able to adjust the machine operation based on changes in the work 
site.  Simulation using current VOMs can only simulate and repeat a work cycle without 
adaptation to the changes in the environment. However, for the trenching operation, the 
dimensions of the trench and material dump pile change after each work cycle. Human operators 
adapt to the changes in the environment and adjust their control of the machine. It typically takes 
multiple work cycles to complete the operation. A model that tracks changes to the environment 
is needed, where the VOM adjusts operator control inputs as the work site environment is 
changed by the machine operations.  
Finally, another aspect of expertise is an operator’s ability to start using different machine 
makes and models and very quickly operate them at a high level of productivity. Different 
excavators can be used in the same construction site depending on the capability required. 
Different excavators share general control features, and so expert operators can apply their 
general knowledge of excavator operation when switching between different excavator models 
and capabilities. Human operators use their generalized knowledge of machine control to 
understand the differences between excavators and adjust their control behavior to operate 
different equipment without much effort. However, current VOMs based on trajectory 
mimicking are unable to adjust to changes in machine dimensions, power, and capabilities. 
Based on discussions with industry experts, significant effort is required to tune the current 
VOMs to simulate a different machine models. Current VOMs cannot adapt to differences in 
machine models (Yu et al., 2016). However, the VOM architecture approach described in this 
paper generates control input by simulating operator processing of information (cues from the 
machine and the environment) to generate control inputs based on operational goals, not on a 
pre-defined, pre-learned trajectory. This method provides the possibility of the model 
automatically adapting to different machine models since the VOM reasoning is based on 
operator perceptible cues, and not machine geometric dimensions. The VOM must be 
generalized such that new machine characteristics are accounted for as the operation is 
simulated. 
In this work, a fixed VOM (Du et al., 2016) was extended to simulate expert behavior by 
enabling tasks to overlap in the work cycle. The VOM was also extended to simulate a complete 
trenching operation where the operator model adapted to changes in the work site environment. 
Finally, the VOM was generalized to be independent of the machine model, and generates the 
machine model control inputs based on a model of human decision making rather than tracing 
pre-defined trajectories.  
The following section reviews the previous work related to operator modeling. The VOM 
approach is presented, and the methods to address the three areas limiting the fidelity of current 
VOMs. Four case studies are represented, with results demonstrating the approach. Finally, 
current and future work is discussed. 
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Related Work 
The current state of the science in virtual operator modeling for off-road machinery is 
comprised primarily of three other examples: Two VOMs for wheel loaders demonstrating a 
task-oriented modeling approach (Filla, 2005 and Elezaby, 2011), and a VOM for a steering 
controller demonstrating a reference-oriented approach (Norris, 2001). Task-oriented operations 
are those in which the operator controls the machine through a repeated sequence of tasks to 
accomplish high-level goals (Alami, Chatila, Fleury, Ghallab, & Ingrand, 1998). In reference-
oriented operations, the operator is guiding the machinery along a particular path to explicitly 
follow speed or position references (Zhang, Alleyne, & Carter, 2003). Both task-oriented 
operator models treat the operator as a finite state machine without a clear structure to capture 
human operator perception, decision, and action processes. Fuzzy logic was used for the 
reference-oriented approach to model the perception process of the human operator. These 
operator models did not adapt and modelled only a single work cycle for a specific machine. 
Some off-road vehicle automation research also has relevancy (Bradley & Seward, 1998; Wu, 
2003; Enes, 2010) in which operator behavior and strategy were modeled to automate certain 
tasks. The current literature does not address representation of expertise nor adaption to 
environment changes and different machines. 
Representation of Expert Operation 
Elezaby (2011) used feedback from the loader machine model to transition the finite state 
machine from one state (or task) to another. Control reference inputs defined by initialization of 
task description and performance requirements associated with each sub-task were sent to 
controllers. Five evaluation (Elezaby & Cetinkunt, 2011) tests were designed by exercising the 
machine model to move to defined positions. Similarly, Bradley et al. (1998) modeled trenching 
as a series of discrete tasks in a task-oriented approach similar to those of Filla et al (2005) and 
Elezaby (2011). In these examples, tasks were modeled in finite sequence, behavior that is 
typically associated with novice operators (Du et al., 2016).  
Filla et al., (2005) took a generic task analysis approach based on operator interviews to 
derive different tasks for the wheel loader loading cycle, but specific operator behaviors with 
expertise representation were not considered in this approach. They developed machine harmony 
diagrams of bucket height and machine location, based on recorded data of actual machine 
operation. A machine harmony diagram is used to represent the relationship between two 
different motions during the machine operation. A machine harmony diagram was developed to 
characterize operator behavior by representing the bucket height at different locations during 
operation, based on recorded data of actual machine operation (Filla, 2005). Different harmony 
diagrams could potentially represent different human operator behavior (and expertise levels) in 
terms of the travel distance of the wheel loader and the lifting height of the bucket. However, this 
was not implemented in Filla’s work.  
Norris et al. (2003) provided a reference-oriented operator modeling approach where the 
operator model follows a defined trajectory to steer machines. Fuzzy logic was used to develop a 
human operator performance model, which was used as an expert reference model. Fuzzy rule 
membership functions were defined by mapping empirical expert knowledge and data from 
experiments, corresponding to different command levels. The commands were transferred to 
different levels of control inputs by relationships determined by training the operator model with 
experimental data. Operator behavior could be replicated, but no attempt was made to 
differentiate operator behaviors. 
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Wu et al. (2003) developed an automatic digging controller for a wheel loader operating on 
rock or soil. The operational techniques and strategies derived from the operator interviews and 
data analysis were replicated by using fuzzy neural networks in the digging controller. This 
could be a way to replicate certain level of expertise, but is limited the data set available. 
Representation of Operator Adaptability 
Human operators adapt to work site changes dynamically by adjusting control inputs. Both 
Filla (2005) and Elezaby (2011) modeled the short loading operation with defined tasks, 
identified through task and data analysis. Elezaby created a strategy model, which contains a set 
of rules and a finite state machine, and chooses a specific task with appropriate reference 
commands according to the information received from initialization of task description, loader 
conditions, static site conditions, and feedback from the machine model. The site conditions were 
defined with help of GPS signals and were given at the beginning of the simulation. The site 
conditions were used only as the initialization information, and cannot be updated dynamically 
from work cycle to work cycle. Therefore, this operator model did not adapt to changes in the 
work environment, which limits their simulation to a single work cycle, but not an entire 
operation that requires multiple work cycles.  
Filla et al., (2005) developed a VOM for wheel loader operator, and divided the loading 
operation into finite tasks with a defined sequence. The VOM could be initialized with different 
site layouts. However, once initialized, the environmental conditions did not change dynamically 
during the simulation of the operation. This limited the simulation to one work cycle. Filla 
suggested that the adaptability of the models to certain changes in the environment could be an 
area for future improvement. 
Bradley et al. (1998) developed the LUCIE autonomous robotic excavator based on human 
operator strategies for trenching. This research stated that imitating the operator’s behavior could 
be effective basis for automation system design (Bradley, 1998). They developed multiple 
strategies for digging a trench, and a strategy to dig around an obstacle. Based on the properties 
of the soil, the system chose a predefined strategy. When encountering an obstacle of known size 
and location, the system employed a specialized strategy to dig out the obstacle. The control 
inputs were determined by the strategy chosen. In this way, the system adapted to the 
environmental condition of soil type and obstacles, but not changes in the trench or pile.  
In summary, the literature directly related to VOMs provide limited guidance on how to 
represent human operator adaptability and expertise. This work aims to take the next step in the 
representation of expertise and adaptation. 
 
Approach 
The VOM previously developed by the authors could simulate one excavator model 
completing one work cycle. The work documented in this paper extends this approach by 
developing methods to represent expert operator behavior, and to represent an operator’s ability 
adapt to a changing work site environment and different machine models. The following 
subsections introduce the VOM architecture and methods to represent expertise and adaptability.   
Virtual Operator Model (VOM) Architecture 
Previous work established the VOM architecture (Du, et al., 2016). The VOM was 
developed to simulate human operator control inputs to an excavator model during trenching 
operations. The VOM was explicitly designed to be independent of the excavator model (Du, 
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Dorneich, & Steward, 2015). Without this independence, operator models that are highly tuned 
for particular machine models must be retuned when machine designs are changed. To avoid the 
cumbersome nature of this tight dependency, an operator model should adapt to changes in 
machine capabilities such as available power or mechanical linkage constraints. 
The architecture of the VOM (Figure 1) is based on the Human Information Processing 
model (Newell & Simon, 1972) to represent the internal decision-making processes of a human 
operator. Humans detect signals from the environment, analyze the information based on their 
knowledge and skills to make decisions, and then take actions to execute their decisions. This 
information processing sequence is mirrored in the structure of the VOM via a series of four 
modules. The VOM was implemented in Matlab (Ver. 2015a, Mathworks, Natick, MA) and was 
interfaced with the machine model. The Machine Model was developed using SimMechanics, 
and SimHydraulics, which are also part of Matlab. 
 
 
Figure 1. Virtual operator model structure. 
The modules are summarized here; for a detailed description, see Yu et al. (2006). Before 
an operator can respond to environmental cues, machine information must be converted to 
human-perceivable cues. For example, human operators can perceive the height of the bucket 
relative to the ground, but not the pressure in a cylinder. The machine model provides machine 
signals like cylinder extension length and velocity. The kinematics module is responsible for 
acquiring the machine model signals and transforming them into information at the human 
perception level that human operators use for decision making. Machine data can be translated 
into the absolute positions and orientations of machine elements (such as buckets and booms) 
through the kinematic module of the machine. These dynamic variables are closely related to the 
visual cues that the human operator uses for decision making during the work cycle. 
The human perception module receives information about environment conditions and 
machine components, which are observable by human operators. Fuzzy classifiers then classify 
the human-perceived information to trigger task transitions between different tasks of the 
trenching work cycle. The outputs of the classifiers are the inputs to the state machine in the 
human perception module, which determines the current task state. The human decision module 
determines the reference commands by considering environment information, machine geometry 
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and the current state. The reference commands are target positions of machine components for 
the current task, which are sent to the human action module. In the human action module, 
reference commands are compared to the current position of machine components. The 
differences, or errors, are used to generate control inputs for machine model through PID 
controllers. A PID controller stands for a proportional-integral-derivative controller, which is a 
standard closed loop feedback controller. 
Representation of Expert Operation 
Expert human operation can be represented in different ways, such as advanced strategies 
and how they coordinate work cycle tasks. This paper focuses on representing the expert human 
operation through the operator’s ability to overlap tasks. To enable task to overlap in the work 
cycle, the way tasks are classified in the human perception model must be modified and the task 
model must be updated to include overlap states. 
Task Classification 
 The human perception model was developed to simulate how human operators perceive 
information to classify tasks. Previous work defined tasks as discrete, and so classification of 
tasks needed only to detect the transition from one task to the next (Du et al., 2016). However, 
expert human operators start to shift their attention from their current task to the next before the 
current task is complete. This shifting of attention that occurs simultaneous to the control 
requires the modeling of overlapped tasks (Salvucci, 2009). The possible overlaps happen 
between two consecutive tasks in the work cycle. It is also possible to overlap the three tasks of 
Bucket Lift, Swing-to-Dump, and Dump. The complete task model contained 11 states, five 
major tasks and six overlap tasks  (Figure 2). In the perception module, ten classifiers were 
developed to determine the start and end of each of the five tasks, based on the human 
perceptible cues from the kinematic module. The classifiers were designed and implemented 
with the Matlab Fuzzy Logic Toolbox. With the start and end of each task, time spans for each 
task were determined. Overlaps are determined by comparing the timing of each of the tasks. A 
state machine was programmed in the Simulink using scripts to represent the task model and 
determine the current state using the results from classifiers. Table 1 describes the tasks 
corresponding to the state numbers. 
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Figure 2. The fuzzy classifiers for a finite state machine. 
 
Table 1. The trenching operation modeled with 11 states. 
State Tasks 
1 Bucket Fill 
2 Overlap of Bucket Fill and Bucket Lift 
3 Bucket Lift 
4 Overlap of Bucket Lift and Swing-to-Dump 
5 Swing-to-Dump 
6 Overlap of Bucket Lift, Swing-to-Dump, and Dump 
7 Overlap of Swing-to-Dump and Dump 
8 Dump 
9 Overlap of Dump and Swing-to-Trench 
10 Swing-to-Trench 
11 Overlap of Swing-to-Trench and Bucket Fill 
   
Modeling Human Adaptability to Changes in the Work Site Environment 
As human operators complete a work cycle, they affect changes to the work site 
environment. Simply, the trench becomes deeper and the pile grows higher with each work cycle 
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until the operation ends with the desired trench depth. To increase the fidelity of how the 
trenching operation is represented, changes in the work site after each work cycle need to be 
modeled, which requires that the VOM adjust control inputs after each work cycle to adapt to 
changes in the work site environment. An environment model was developed to describe the 
current work site environment conditions at any point during the operation, much like the mental 
model of a human operator is continuously updated. The model maintained the current trench 
depth and pile height, and the changes from the previous work cycle to current work cycle. The 
model represents the operator’s simple internal representation about the observable changes in 
the worksite environment. The information from an environment model was used to determine 
appropriate reference commands for tasks.  
  
Trench Model 
The trench model describes the dimensions, location, and current depth of the trench. It 
was assumed that the trench was located in front of the excavator. The model used five 
parameters to describe the trench (Figure 3). The excavator was assumed to be positioned with 
the trench directly in front of the cab at a zero swing angle to the excavator. The parameters of 
the operation were defined at initialization, including the trench depth start (TDstart), depth 
increase per cut (ΔTD), and maximum trench depth (TDmax).  
 
Figure 3. Trench model parameters. 
The trench depth is updated every work cycle using the relationship, 
 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 = 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 + 𝑇𝑇 × 𝛥𝛥𝑇𝑇𝑇𝑇                                          (3) 
where the current pile height, TDcurrent, was the sum of initial trench depth, TDstart and 
trench depth increment, ΔTD, multiplied by the number work cycles, n, completed. 
The operation continues until the current pile height reaches the target pile height, which is 
stated mathematically with the condition, 
 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 ≤ 𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇  (4) 
where TDmax is the maximum trench depth. The trench depth is rest to zero once the 
maximum is reached, much as if the machine moved to a new position and then continue to 
lengthen the trench. Based on these changing relationships throughout the operation, the 
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reference commands are updated and provided to the action module to command the machine 
model. 
Pile Model 
A pile model describes the pile dimensions and location. The height of the pile is updated 
after each work cycle. The pile model is parameterized by seven parameters (Figure 4). 
 
 
Figure 4. Pile model parameters.  
The angle that the excavator needs to swing through from trench to pile (PLA) and the 
extension distance of the bucket between the cab and the pile (PD) are initialized at the 
beginning of simulation to describe the worksite conditions. After initialization, these variables 
are available for the VOM, which calculates reference commands for each simulation step. The 
pile height is updated every work cycle using the relationship, 
 𝑃𝑃𝑃𝑃𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 = 𝑃𝑃𝑃𝑃𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 + 𝑇𝑇 × 𝛥𝛥𝑃𝑃𝑃𝑃                                      (1) 
where the current pile height, PHcurrent, was the sum of initial pile height, PHstart, and 
pile height increment, 𝛥𝛥𝑃𝑃𝑃𝑃, multiplied by the number work cycles, n, completed. 
The operation continues until the current pile height reach the target pile height, which is 
stated mathematically with the condition,  
 𝑃𝑃𝑃𝑃𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇𝑇 ≤ 𝑃𝑃𝑃𝑃𝑇𝑇𝑇𝑇𝑇𝑇  (2) 
where PHmax is the maximum pile height. The pile is reset to zero once the maximum pile 
height is reached, much as a pile would be cleared or trucked away once it had reached a certain 
size. Based on these changing relationships throughout the operation, the reference commands 
are updated and provided to the action module to command the machine model. 
Adaptation to Different Machines 
Differences exists between the type and models of excavators; human operators can 
operate different excavators without much effort to adapt to these differences. Previous work in 
VOMs (Filla, 2005; Elezaby, 2011; Du, 2015) focused on one particular machine model. 
Considerable efforts are typically required to modify the VOM to modify it to control a different 
machine model. Initialization and parametrization methods were developed to create a 
generalized VOM, which can adapt to different machine models and generate control inputs 
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accordingly. When different machine models are simulated, the VOM only needs to be 
initialized with geometric parameters such as length of the boom, arm, and bucket. To simulate 
different machine models, the VOM adapts general knowledge of different machine model 
geometries to enable simulation of different machine models without modification of the VOM. 
The VOM updated the fuzzy classifiers to use the relative rather than absolute signals to detect 
tasks within the work cycle. The reference commands are updated automatically for use by the 
action module to correctly control each new machine, 
VOM Initialization and Parameterization 
At the beginning of each simulation, all the variables were initialized by reading values 
from an external file. Information about machine geometry, environment, and strategies was 
included in this file. Machine geometry information was used to describe the kinematics in the 
initialization process and was used to calculate reference commands. Operator strategies were 
represented in strategy variables, examples of which include the bucket height during the Swing-
to-Trench task. The bucket height during swing depended on human operator perception of the 
environment, how high above the ground the human operators would feel is safe in order to not 
hit obstacles or avoid adjusting the bucket height. For example, reference commands for arm 
angles can be defined in the initialization file to ensure certain positions of the arm during 
digging. All the information can be modified and defined outside of the VOM, which means only 
the initialization files need to be modified to simulate different machine models, in different 
environment settings, or with different operation strategies. 
Reference Commands Calculation 
Reference commands were used to set the targets locations of the machine components for 
each task in a work cycle, and the machine was guided to reach the targets through the action 
module. In real operations, human operators adjust their targets based on the environment, 
machine, and strategy, and adjust their control inputs to adapt to these changes. The initialization 
file sets the strategy and specifies the machine dimensions. The environmental model updates the 
pile height and trench dimensions each work cycle. The VOM uses all this information to update 
the reference commands for each work cycle. The updated reference commands adjust the 
control inputs in the action module. 
Generalize Fuzzy Classifiers 
To enable robust simulation with different machine models, fuzzy classifiers need to 
classify current state correctly independent of machine dimensions. Signals used in fuzzy 
classifiers should be human perceivable and general for different machines. Table 2 lists the 
eight signals used by the fuzzy classifier to estimate task start and end transitions. Membership 
functions within each classifier were defined with relative positions and distances, rather than 
pre-defined numerical thresholds. Signals for physical positions are constructed with general 
meanings: for example, Extension Distance relative to target location was classified to values of 
large, small, and reached (target). Similarly, Bucket Height is classified to values relative to the 
ground of AboveSurface (above ground surface), NearSurface (near ground surface), and 
BelowSurface (underground), independent of machine dimensions. Signals for relative positions 
are used in the fuzzy classifiers to determine whether the machine reaches the target position 
commanded by reference commands. Relative Bucket Height, Relative Bucket Rotation, and 
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Relative Swing Angle are the difference between the current values and the target values. 
Relative Extension Distance is the ratio between the current value and the target value.  
  
Table 2. Fuzzy classifier signals. 
Signal Name Unit Description Levels 
Bucket Height m height between bucket teeth and ground surface 
BelowSurface, 
NearSurface, and 
AboveSurface 
Bucket Rotation rad angle between the line of bucket teeth and arm bucket joint, and vertical direction 
Uncurled, 
CurledMiddle, and 
CurledHigh 
Swing Angle rad angle of rotation of cab AtTrench, InBetween, and DumpArea 
Distance m 
relative value of comparison of the distance 
between bucket and cab and the distance 
between joint boom arm and cab 
Retracted, Midrange, 
and Extended 
Relative Bucket 
Height m 
Relative value of comparison of current 
bucket height to target bucket height 
determined by reference commands. 
Small, Reached, Large 
Relative Extension 
Distance 
(unit- 
less) 
Relative value of comparison of current 
extension distance to target extension 
distance determined by reference 
commands. 
Small, Reached, Large 
Relative Bucket 
Rotation rad 
Relative value of comparison of current 
bucket rotation angle to target bucket 
rotation angle determined by reference 
commands. 
Small, Reached, Large 
Relative Swing 
Angle rad 
Relative value of comparison of current 
swing angle to target swing angle 
determined by reference commands. 
Small, Reached, Large 
 
 
Material and Methods 
Three case studies were developed to demonstrate the ability of the VOM to represent 
expertise, and to adapt to changes in the environment and different machines. A forth case study 
compared VOM and human-generated data. Several different environments models and different 
machine models were developed for use in the case studies. 
Work Site Environment Model 
Three different work site environment scenarios were defined by changing the location of 
the pile, the maximum height of the pile, and the maximum depth of the trench (see Table 3). 
The pile was assumed to be removed when it reached the maximum pile height. For instance, a 
truck, once filled, will be replaced by an empty truck between work cycles. 
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Table 3. Environment scenarios defined by different pile and trench parameters. 
Environment 
Scenario 
Pile Location Trench Dimension 
Angle 
between 
Trench 
and Pile 
Distance 
between 
Pile and 
Cab 
Desired 
Pile 
Height  
Pile Height 
Increment 
per Dump  
Desired 
Trench 
Depth 
Trench 
Depth 
Increment 
per Cut 
PLA 
(rad) 
PD 
(m) 
PHmax 
(m) 
ΔPH 
(m) 
TDmax 
(m) 
ΔTD 
(m) 
Env1 0.8 6.5 1.5 0.3 1.5 0.3 
Env2 1.0 7.0 2 0.3 2 0.3 
Env3 1.3 7.5 2.5 0.3 2.5 0.3 
 
Machine Models 
Three machine models were used in the simulations to represent the geometry of three 
excavators. Figure 5 describes the dimension for three different excavator models, where A is the 
furthest reach, B is the deepest reach, C is the highest reach, D is the length of Boom, E is the 
length of Arm, and F is the length between bucket teeth and joint between Bucket and Arm. The 
three excavators were labeled MM1, MM2, and MM3. MM1 is smaller than MM2 and MM3 in 
terms of geometry. MM2 and MM3 have small differences in dimensions. MM1 was chosen to 
compare large differences in dimensions. MM2 and MM3 were chosen to see the effect of small 
differences in the machine geometries.  
 
Figure 5. Three machine models with different dimensions. 
Case studies 
Several case studies were developed to demonstrate the adaptability of the VOM. In case 
study 1, the close-loop simulation was run to demonstrate overlap between tasks. The percentage 
of time that two or more tasks overlapped during a trenching operation was calculated for two 
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excavator models: MM1 and MM3 under the Env2 condition. The third excavator model, MM2 
was simulated under all three different environment conditions. The forth case study compared 
VOM and human-generated data for the bucket height for one trenching operation.  
Case Study 2 tested the VOM’s adaptability to different environment settings and dynamic 
changes in the environment. This case study assumed expert behavior with task overlap. The 
VOM and the same excavator model (MM2) were simulated for all three environment models. 
The environment settings were initialized at the beginning of simulations. For each environment 
model, total operation time and the total number of work cycles to dig trenches of different 
maximum depths, different pile locations, and different maximum pile heights were recorded.  
 Case Study 3 demonstrated the VOM’s ability to simulate different excavator models by 
adapting to the differences in machine dimensions and adjust control inputs accordingly.  The 
environment scenario used in this case study was Env2. Differences between machines using the 
VOM were demonstrated by comparing the combinations of the boom, arm, and bucket at 
different stages of the work cycle. In addition, the trajectories through the work cycles of the 
operation were compared across the three excavator models.  
Case Study 4 compared the VOM results to an actual human-operated trenching operation 
for which machine data was recorded. The simulation results were compared to the actual 
trenching operation under the similar environment conditions, and same dimensions used in 
vehicle model. The bucket height over the pile was 2.7m, trench depth is 4.9m, and the swing 
angle was 45 degrees. The dimensions related information used to model the vehicle model 
include boom geometry, arm geometry, bucket geometry, and cylinder geometries for boom, 
arm, and bucket. These parameters were matched accordingly in the initialization file for the 
simulation, which was initialized the environment information at the beginning of the simulation. 
 
Results 
Case Study 1: Expert Operation 
The proportion of overlap time was consistent over different combinations of excavator 
models and environment models (Table 4). Under the same environment situation, Env2, the 
overlap rate for MM3 was the largest at 31.7%, while the overlap proportion of the overall work 
cycle for MM1 was the smallest at 26.8%. By using the same excavator model MM2, the overlap 
rate under Env1 was the largest at 31.1%, while the overlap rate under Env3 was the smallest at 
27.5%. 
Table 4. Overlap Rate for different excavator models and environment situations. 
 Overlap Percentage 
  MM1 MM2 MM3 
Env1 -- 27.1% -- 
Env2 26.8% 29.3% 31.7% 
Env3 -- 26.6% -- 
 
The overlap tasks varied between 26.6% to 31.7% of work cycle time, which increases as trench 
depth increases and pile height increase. The different pile locations affect the total work cycle 
time, mainly through the extension of the bucket to the pile area, since different distances 
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between pile and cab were defined. Env1 has the shortest time for the single task swing due to 
shorter distance between pile and cab, which resulted a larger proportion for the overlap states 
for MM2. Env3 has the longest time for single task swing due to longer distance between pile 
and trench, which resulted a smaller proportion for the overlap states for MM3.  
Case Study 2: Simulation Results with Different Environment Parameters 
As the maximum trench depth increases, more work cycles were required to dig to the 
required depth (Figure 6). The increase in the number of work cycles increased in a nonlinear 
fashion with depth. For the case of a 1.5-meter maximum trench depth, five work cycles were 
required to reach the desired depth. Seven work cycles were required to reach the 2-meter depth. 
Eight work cycles were required to reach the 2.5-meter depth.   
 
Figure 6. Number of cycles to reach different maximum trench depths. 
Likewise, the time to reach the maximum trench depth increased with deeper trenches, as 
illustrated in Figure 7. For the case of a 1.5-meter maximum trench depth, 118 seconds were 
required to reach the desired depth.  A time of 166 seconds was required to reach 2-meter depth. 
A time of 188 seconds was required to reach the 2.5-meter depth. 
 
Figure 7. Time needed to reach different maximum trench depths. 
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As the maximum pile height increases, more work cycles were required to achieve the 
required height, as illustrated in (Figure 8).  The increase in the number of work cycles increased 
in a linear fashion with depth. For the case of a 1.5-meter maximum pile height, two work cycles 
were required to reach the desired height. Three work cycles were required to reach the 2-meter 
height. Four work cycles were required to reach the 2.5-meter height. 
 
Figure 8. The number of cycles to reach different maximum pile heights. 
Likewise, the time to reach the maximum pile height will increase with higher pile height, 
as illustrated in Figure 9. For the case of a 1.5-meter maximum pile height, 35 seconds were 
required to reach the desired height.  A time of 56 seconds were required to reach the 2-meter 
height. A time of 78 seconds were required to reach the 2.5-meter height.  
 
Figure 9. Time needed to reach different maximum pile heights 
Figure 10 represents the bucket height during an operation with different environment 
settings, indicated by changing pile height and trench depth. The operation took more cycles for 
the bucket to reach deeper trench depths. The dashed black line arrow indicates the trench depth 
is getting lower during the simulation. The solid black line arrow indicated the pile height was 
getting higher during the simulation. The first five work cycles followed the same trace; 
however, the plots began to diverge when the shallower trenches were completed and the 
simulation reset to the initial trench depth. Env1 took four work cycles, Env2 took five work 
cycles, and Env3 took seven work cycles.  
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Figure 10. Machine response to three different environments. 
Figure 11 represents the swing angle of the arm-boom-bucket assembly between the trench 
and the pile during an operation with different environment settings, indicated by the different 
swing angles. It took a longer time to reach the larger swing angle. The larger swing angle 
introduced a larger error signal in the controller resulted in larger acceleration in the swing 
speed. The arrows in Figure 11 indicate the different swing times needed to reach the pile, given 
the different pile locations. 
 
Figure 11. Machine response to three different environments. 
Case Study3: Adaptation to Different Excavator Models 
Three excavator models with different dimensions were simulated using the same VOM. 
Figure 12 demonstrates how the orientations of the boom, arm, and bucket compare between 
three different excavator models compare at different stages of the first work cycle.    
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(a)                                                        (b)                                                         (c)      
Figure 12. Boom, arm, and bucket positions for three different excavator models at (a) start of Bucket Fill, (b) 
end of Bucket Fill, and (c) over the pile. 
Figure 12a represents the different combinations of boom, arm, and bucket for the three 
excavator models at the start of the Bucket Fill task. The initial arm angle, bucket angle, and the 
bucket height were identical for three different excavator models at the start of the simulation. 
Since the excavators are of different sizes, the length of the trench they each dig is different. 
Figure 12b shows the different combinations of Boom, Arm, and Bucket for the three excavator 
models at the end of the Bucket Fill task. The three excavator models ended the bucket fill task 
with similar arm angle, bucket angle, and bucket height. This was expected as the location of this 
part of the work cycle is not dependent on the target trench depth or pile height. Finally, Figure 
12c showed how the boom, arm, and bucket of the three excavator models moved to different 
positions to reach the 2-meter height of the pile. The three excavator models reached the same 
location with different configurations of the boom, arm, and bucket since the three excavator 
geometries (e.g. arm length) were different. 
The total time required for the VOM operating different excavator models to reach the 
same trench depth (2.0 m) varied from machine to machine from 136 to 190 seconds (Figure 13). 
These results demonstrated that even though the machines were different in terms of their 
geometry, inertial properties and trench length digging capabilities (resulting in different cycle 
times), the VOM was able to adapt to these differences and operate the machines through 
multiple varying work cycles.    
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Figure 13.  Total operation time to dig 2.5 meter trench for three excavator models. 
The individual bucket teeth trajectories of the three excavator models during all the work 
cycles in a complete trenching operation differed in the positions to start Bucket Fill, Bucket 
Lift, and Dump, and to end Bucket Lift (Figure 14). The increasing trench depths and pile 
heights during the operation demonstrates the ability of the VOM to adapt to different excavator 
models under dynamic environment changes during the simulation. 
 
Figure 14. Bucket trajectories of three excavator models.  
Case Study 4: Comparison with Human Operator Data 
The VOM operated an excavator model for which we had measurements of cylinder 
lengths while being operated by a human operator.  These measurements enabled a comparison 
of the trenching operation by the VOM and the human operator.   Observing the traces of bucket 
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height as a function of time, similar patterns were observed; however, the cycle periods for the 
human operator were shorter than those produced with the VOM (Figure 15a), most likely due to 
the fidelity of the machine model (e.g. hydraulics model).   When the time axis was scaled by a 
factor of about three, then the bucket height trajectories followed the same general shapes 
(Figure 15b).    
  
 (a) (b) 
Figure 15. Comparison between VOM-generated and human-generated data, with (a) original traces, and (b) 
scaled traces. 
Discussion 
This work represented expert operation by enabling tasks in the work cycle to overlap. 
Different human operators can perceive and act upon cues from the machine and environment 
differently, depending on their level of expertise. Expert operators can find efficiencies by 
starting and ending tasks differently than novice operators, resulting in overlaps between tasks. 
Human operators tend to perceive the environment in relative terms (e.g. the bucket is near the 
end of the trench), rather than in absolute numbers (e.g. the bucket is extended 2.2 meters from 
the cab).   The fuzzy classifiers therefore model human perception more closely when 
membership functions are based on relative signals rather than absolute ones. This work used the 
relative positions to construct the classifiers to enable the perception of both the start and end of 
tasks. This enabled tasks to overlap, which matched what was observed from the recorded data 
from real operations and operator interviews (Du et al., 2015). The degree of the overlap between 
tasks can be used to differentiate a human operator’s expertise. In this work, we simulated a 
consistent level of an expert operator, although in future work this could be varied. It may be 
possible to manipulate the level of expertise in demonstrated by the VOM. A beginning machine 
operator, someone with little expertise will tend to operate a machine through the tasks of a work 
cycle in a way that the tasks are completed in serial, with no overlaps of sequential tasks (or 0%) 
in the work cycle (Yu, Dorneich, & Steward, 2016).  However, as operators improve their skill 
or expertise in how the machine operates (they get a "feel" for the machine meaning they come 
to understand how the machine responds to their input because of the machine dynamics and 
kinematics), they will start to increase the overlap between tasks, which we found in operator 
interviews.  Overlap implies that the operator is still attending to the end of the current task, they 
are also starting to attend to the next task and thus while continuing to give commands to finish 
the current task, they are also starting to give the commands for the next task as well.  So 
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increasing % overlap (= time that tasks are overlapped with in a work cycle/work cycle time * 
100%) is a measure of increasing levels of an expertise that an operator possesses. The tasks in 
Case Study 1 overlapped on average 30% of total cycle time, which implies an approximately 
23% productivity increase compared to the operation without overlap tasks. Simulation of task 
overlap enables the VOM to more accurately reflect real operator performance. 
Note that there will be an upper bound on % overlap, because there are parts of the work 
cycle that must be non-overlapping.  For example, when the excavator is swinging from the 
trench to the pile and then when swinging back from the pile to the trench, there is no possibility 
of overlap and the time in that part of the work cycle will be determined by the angle through 
which the machine swings and the average velocity with which it swings.   Based on our analysis 
of two expert excavator operations, we found that overlap ranged from 20% - 60%, depending on 
the machine, the work site configuration, and which work cycle in the operation. Our estimates 
of overlap will typically be in this range, depending on the combination of machine and work 
site configuration. 
Adaptability was demonstrated with the results of Case Study 2 and 3. With environment 
model, the VOM adapted to changes in environments and adjusted control inputs accordingly, 
which lead to the simulation of work cycles that change during a trenching operation. Human 
operators interact with the environment and machines during the operation all the time. They use 
a mental model to accommodate the information from the environment and machines, which are 
constantly updated as they work through the work cycles. An environment model was developed 
as an operator’s continuously updated mental model of the changes in the environment, enabling 
the VOM to adapt the target reference commands as the work site environment changed between 
work cycles. The results reveal that the number of cycles and the amount of time needed to reach 
different target trench depths and pile heights changed, as would be expected if the VOM 
adapted the changing work site environment conditions.   
The initialization file contained the worksite specifications (pile and trench locations, 
maximum pile height and maximum trench depth, initial strategy, and excavator geometries). 
This file represents the initial conditions and initial plan for the operation, much like a human 
starts an operation with initial knowledge and plan. The initialization file along with the 
environment model act as a mental model to create a general understanding of the work site, the 
plan, and the machine.   
A human would also have a general knowledge of how to operate a machine. When a 
human operator then switches between one machine to the next, he or she applies that general 
knowledge and then translates it to specific updates on the control inputs. A level of generic 
knowledge of how to operate a machine is important to enable the adaptation to different 
machines. The human operator applies the generic knowledge to a specific machine, when they 
move from one machine to another. By using the generic knowledge and general understanding 
about the environment and machines, the reference commands were adjusted by the VOM to 
accomplish the operation with the new machine. To simulate different machine models only the 
initialization file was updated with machine model’s geometric information of each component, 
and no modification was needed for the VOM. Different machine models were simulated by the 
VOM without tuning need to tune the VOM. The power source for different machine models 
were currently set to the same value, and so the larger machine responded more slowly. The 
larger machine is expected to dig more slowly, dig more dirt, and dig a longer trench, which can 
be seen in the results. Although the VOM was developed based on the human perception and 
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decision-making process, it also generated similar trajectories of operation as the trajectory 
following modeling method.  
  Differences between the VOM-generated and human-generated operations were due to 
when the bucket was rotated, as the VOM tended to rotate bucket near the peak of the bucket 
height curve where the human operator rotated the bucket when the bucket was being lowered 
after the peak height.  The bucket height was defined to be the height at the bucket teeth, so the 
"plateaus" in the curve were due to bucket rotation relative to the entire bucket mechanism being 
lowered.  The other difference in the cycle space mentioned in the results, in the speed of cycle, 
was most likely due to the limited fidelity in the machine model, particularly in the hydraulics 
models. 
More research is needed on multiple aspects of the work described here. To address the 
expertise representation several aspects can be investigated. It is important to know how different 
skill levels impact the proportion of or decision to overlap tasks. A more nuanced understanding 
of how expertise is realized will enable VOMs to simulate different levels of skill. In the current 
work, we assumed that the virtual operator attended to all the cues provided by the human 
perception module. But in real operations, there is a level of uncertainty in the perception of all 
available information. For instance, as humans become fatigued, they start to miss information or 
their attention becomes increasingly narrowly focused. Future work would model some level of 
information perception uncertainty, perhaps depending on a model of attention that could be 
affected by operator fatigue, environmental noise, or distraction.  
The environment for the construction site can be described in many ways. For excavation, 
the machine interacts with soil, which can have impact for operators’ strategies and machine 
performance. A soil model can enable testing of an excavator model while digging different 
materials. Weather conditions are another important environment factor, which can impact 
operations.  
Human operators learn how to operate their machines over time, building up not only 
expertise but strategies and specific decision points of how to operator a particular machine 
model for maximum productivity. Future work could explore how to develop a VOM that can 
iteratively simulate this learning process over time to arrive at an optimal control strategy for a 
given machine model. 
Conclusions 
This work focused on improving VOM fidelity by representing human expertise and 
human adaptability to different worksite environment and machines. The VOM was based on the 
way human operators operate machines based on how they perceive signals, how they 
understand the environment and machines, and how they adjust their controls for adaptations. 
From this work, we can conclude that the representation of human operator expertise and 
adaptability has several requirements. Modeling expertise requires modeling operator shifts in 
attention from tasks that are nearly completed to those that are next in the cycle sequence, 
Human operator tendencies to perceive machine and work site cues is processed in fuzzy and 
relative abstractions. Finally, operators use mental models of the current work site state 
indicating the degree of progress made in completing the operation. 
In addition, once a VOM incorporates these aspects of human expertise, investigations into 
the behavior of the closed, human-in-the-loop system can be initiated resulting in useful 
observations into a dynamic full operation with different machines. The capabilities of the VOM 
developed in this work are essential to advance VOM model fidelity to the point where designers 
can rapidly test design iterations virtually. By enabling the VOM to represent expert behavior, 
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the simulation can push the machine model to its limits. Currently test operators can push 
machines during productivity tests by exploiting all the capabilities of the machine. By more 
accurately representing human expertise in a VOM, design engineers can be more confident that 
model-based simulations more accurately reflect what human operators can achieve with the 
machine. Furthermore, by building a VOM that can adapt to changes in the environment, 
complete operations can be simulated, further enhancing the utility of model-based testing. 
Finally, the ability of the VOM to adapt to different machines without time-consuming re-tuning 
is essential to enabling the rapid design iterations. The design engineers time will be spent on 
iterating the machine design, rather than tuning the VOM to test a particular machine design. 
This work is a step towards the vision of developing VOMS with a fidelity that matches the 
current fidelity of machine models.  
The work here has several limitations. This paper presents a proposed model of a virtual 
operator that needs to be compared to human performance, and is an area of future work. The 
comparison shown for case study 4 demonstrated that the bucket height trajectory traces were of 
the same shape between the VOM and human-generated data. However, validation of the model 
will require a high-fidelity machine model, and likely improvements to other areas of fidelity. 
This work has thus far focused on three aspects of expertise that emerged from our interactions 
with operators and engineers in industry, but there are many ways that that expertise is 
manifested in construction machine operators. On-going work, building upon this work, seeks to 
further model other aspects of expertise, such the ability to learn. In addition, expertise would 
also include being able to make adjustments to exception cases, like running into a boulder while 
digging a trench.   This type of expertise would require higher level decision making processes 
that were beyond the scope of the paper. The fidelity of the model can also be improved by 
accounting for human performance moderators such as attention limitations and fatigue. 
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